Microorganisms are widely used to generate valuable products, and their efficiency is a major industrial focus. Bioreactors are typically composed of billions of cells, and available measurements only reflect the overall performance of the population. However, cells do not equally contribute, and process optimization would therefore benefit from monitoring this intrapopulation diversity. Such monitoring has so far remained difficult because of the inability to probe concentration changes at the single-cell level. Here, we unlock this limitation by taking advantage of the osmotically driven water flux between a droplet containing a living cell toward surrounding empty droplets, within a concentrated inverse emulsion. With proper formulation, excreted products are far more soluble within the continuous hydrophobic phase compared to initial nutrients (carbohydrates and salts). Fast diffusion of products induces an osmotic mismatch, which further relaxes due to slower diffusion of water through hydrophobic interfaces. By measuring droplet volume variations, we can deduce the metabolic activity down to isolated single cells. As a proof of concept, we present the first direct measurement of the maintenance energy of individual yeast cells. This method does not require any added probes and can in principle apply to any osmotically sensitive bioactivity, opening new routes for screening, and sorting large libraries of microorganisms and biomolecules.
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biosensors | metabolism M icroorganisms, including bacteria, yeast, fungi, and algae, have the potential to safely produce valuable molecules for various fields of applications, including sustainable energy, packaging, detergency, food, cosmetics, and therapeutics (1) (2) (3) . In all cases, optimizing the yield of production by choosing the best microorganism phenotypes remains a key advantage, raising the importance of monitoring parameters of individual cells. This monitoring implies measuring the rate of nutrient consumption, or the rate of metabolite production, for each single cell, which has so far remained impossible because of the difficulty in detecting small concentration changes around each isolated cell in a large population. Inverse emulsion droplets (water droplets dispersed in an oil phase) have been increasingly used over the past decade to compartmentalize biomolecules or cells for individual assays or amplification (4) (5) (6) (7) (8) . Interestingly, when droplet compositions change, droplets can exhibit composition ripening (9) . Indeed, if two droplets have different concentrations of some solute, either water or the solute molecule will diffuse to equilibrate chemical potentials; the relaxation is dominated by the fastest diffusing species, which in the case of inverse emulsion is water. We therefore reasoned that if bioactivity within a drop lowers its overall solute concentration, this would decrease the water chemical potential and induce a water flux outward. As a result, droplets with high bioactivity would progressively decrease in size, as already observed (10, 11) . We detail the key criteria that emulsions must satisfy to exhibit this active coarsening. We then demonstrate that the sensitivity of this coarsening allows nutrient consumption to be detected in very small exponentially growing microcolonies as well as for single nondividing cells. We then determine the statistical distribution of the maintenance energy of individual yeast cells at various ploidies, revealing at the microscopic level the relationship between size and glucose consumption. We finally illustrate the universality of this osmotic phenomenon in the cases of bacterial growth and a lytic enzymatic reaction.
Results
In the presence of glucose, yeast metabolism is dominated by fermentation, where 1 mol of glucose provides 2 mol of ATP (12) from the following chemical equation:
For ripening to occur and reflect glucose consumption, a number of criteria must be satisfied by the emulsion formulation. First, waste products of fermentation (carbon dioxide and ethanol) must diffuse out of the droplet faster than water. This diffusion is essential to decrease the total solute concentration within the yeast-containing droplets (called nursing droplets hereafter) and thereby to create a chemical potential mismatch as a result of nutrient consumption. Secondly, solely water but not nutrients must diffuse out of the nursing droplet so that the relaxation of this osmotic mismatch induces a change in droplet size. Finally, because products remaining entrapped in cells (ATP) do not contribute to osmotic change, the measurable droplet shrink rate quantitatively reflects nutrients uptake.
To fulfill these requirements, we chose an organic continuous phase consisting of a mixture of mineral oil and a partially fluorinated alkane chain containing 0.75% of a surfactant blend. This particular blend and the continuous phase composition produced a controlled adhesion (wetting) between droplet interfaces (13) . Using this formulation, contacts between adjacent drops formed a bilayer structure associated with a contact angle (Fig. S1) . Adhesion imposes the distance between all the adhesive droplets and thus provides a homogeneous exchange rate overall the emulsion that is a least two times faster than for a nonadhesive formulation (see SI Text, Formulation and Diffusion Model and Parameters, Without Cells). To check if the above criteria were obeyed by this formulation, we first brought into adhesive contacts droplets that contained different concentrations of glucose in water. As expected, the volume of droplets having a high glucose concentration increases to the detriment of the less concentrated ones (Fig. 1A and Movie S1). This observation is consistent with water diffusing across the hydrophobic membrane from the less concentrated drop toward the most concentrated one in the absence of any glucose permeation. For dilute solutions (μ ∼ c), water transport parameters can be estimated from water diffusion relaxation curves obeying Fick's law: This article is a PNAS Direct Submission. 1 To whom correspondence should be addressed. E-mail: laurent.boitard@espci.fr.
This article contains supporting information online at www.pnas.org/lookup/suppl/ doi:10.1073/pnas.1200894109/-/DCSupplemental.
where V is the volume of the drop, v w is the molar volume of water, Δc is the time-dependent glucose concentration mismatch between the two adhesive droplets and F is a transport factor reflecting membrane properties, which can be written as F ¼ DAK∕d, where D is the diffusion coefficient into the oil membrane, A and d are the area and thickness of the adhesive bilayer, respectively, and K is the solubility of the diffusing species into the oil membrane (14) . We then performed the same experiment to measure the equilibration time from a concentration mismatch in ethanol. We brought into adhesive contact two droplets having equal concentration of glucose and salt, adding 1 M of ethanol in only one of them. This experiment did not result in any observable change in droplet sizes over time, consistent with ethanol diffusing out much faster than water ( Fig. S2 and Movie S2). Such phenomenon is in perfect agreement with the values of K in olive oil (15) , which change by more than three orders of magnitude between glucose (3 × 10 −5 ), water (10 −3 ), and ethanol (3 × 10 −2 ). Finally, because it is highly soluble in the oil (16), carbon dioxide diffuses faster than water or is totally dissolved into the oil. Hence, it does not contribute to the osmotic mismatch either. Altogether, these properties set the basis of our strategy to measure the rate of glucose consumption by living cells.
Single yeasts cells were encapsulated in droplets made of synthetic culture medium using a flow-focusing microfluidic device (see Materials and Methods and Fig. S3 ). Because encapsulation is a stochastic process following a Poisson law (17), the dilution was adapted so that, on average, one droplet over 25 contained a single yeast cell. Droplets with a diameter of 50 μm were then squeezed and packed within a container having a height of 25 μm and a surface of a few square centimeters. This way, a two-dimensional dense network of adhesive droplets was created. This connected network provided mechanical stability of the system, which helped in tracking droplet positions and contours over long periods of time. The surface fraction of droplets ranged from 40% to 60% (Fig. S3C) . We observed that the growth of yeast colonies was accompanied by a progressive decrease of the nursing droplets size, down to a volume (V ss ) less than 10% of their initial volume (V 0 ) (Fig. 1C and Movie S3). As expected, the shrinkage of nursing droplets was always accompanied by a slight volume augmentation of the surrounding empty ones, which is consistent with mass conservation of water. Let us define s 0 , the sum of glucose s 0 g and nonglucose s 0 ng molecules at t ¼ 0, and s ss , the amount of solute molecules left within the nursing droplets at final state. If we neglect the slight volume change of empty drops, and assume an ideal osmotic pressure (18), then
providing a direct link between the coarsening amplitude V ss ∕V 0 and the total uptake of the colony (s 0 − s ss ). Thus, changing the initial amount of glucose s 0 g should affect the amplitude of shrinkage accordingly. To verify this prediction, we performed a series of measurements at increasing values of initial glucose concentrations (Table S1 ). As expected, shrinkage amplitude was directly affected, ranging from 55% of the initial volume at 10 g∕L initial glucose to 5% at 200 g∕L initial glucose. The amount of nutrient uptake deduced from Eq. 2 directly followed the initial amount of glucose (Fig. S4) , which indicated that glucose was entirely exhausted at the end of the experiment. Having established that droplet coarsening is a reliable readout of glucose consumption by microcolonies, we decided to monitor the time course of this process for (i) a growing colony exhausting sugar, (ii) a colony starved from a nonglucose limiting nutrient, and (iii) arrested single cells maintaining their metabolism. Fig. 2 shows a typical experiment where founder cells were encapsulated in 20 g∕L glucose medium and were allowed to grow exponentially. Hundreds of nursing droplets were monitored simultaneously. In order to interpret these curves into quantita- tive estimates of biological activity, we considered the following dynamical model. First, because the vast majority of droplets in the interconnected network did not contain any cell, we assumed that empty droplets surrounding nursing ones could be considered as an infinite reservoir of constant water chemical potential. Within this approximation, the evolution of nursing droplets volume is described by the following equation:
The amount of substrate in the nursing droplet, sðtÞ, can be written as sðtÞ ¼ s 0 − βðtÞ∕Y where βðtÞ is the biomass which grows exponentially with a doubling time τ: βðtÞ ¼ β 0 2 t∕τ , β 0 being the initial amount of biomass, and Y is the growth yield (19) . Once τ is estimated by independent measurements from bulk cultures, and Y chosen from the literature (12), Eq. 3 can be numerically solved to obtain a master curve of shrinkage kinetic (Fig. 2, red  curve) . We observed a remarkably good agreement between model and measurements, indicating that metabolic activity could indeed be inferred from the droplet shrinkage.
As for classical fermentors, bioactivity of a growing population both reflects division (biomass increase) and metabolism. To measure metabolic activity more specifically, we sought to decouple it from cell growth by studying populations of nondividing cells. This decoupling can be achieved easily by culturing cells in a medium where a nutrient other than glucose becomes limiting. The colony is then expected to enter a stationary phase of growth while still fermenting glucose (20) , which is precisely what we observed when using a high initial concentration of glucose: 150 g∕L (Fig. 3A) . After 7 h, shrinkage became linear with time. Because water diffusion is fast enough as compared to substrate consumption in this linear regime (SI Text, Diffusion Model and Parameters, Without Cells), Eq. 2 can be approximated by V ðtÞ∕V 0 ¼ sðtÞ∕s 0 and glucose consumption can then be directly deduced from the slope p 0 by p 0 ¼ β c q m ∕s 0 , where q m is the socalled maintenance energy (21) of the cells, and β c is the amount of biomass reached at stationary state, which is also proportional to the amount of limiting nutrient. Therefore, the slope should double if the amount of limiting nutrient is doubled, and it should reduce by 50% if the initial amount of glucose is doubled. Dedicated experiments verified both predictions (Fig. S5) . After measuring β c from bulk experiments, we deduced q m ¼ 0.1-0.2 pg ðglucoseÞ·cell −1 · min −1 . This value is consistent with previous extrapolations from experiments performed in chemostats (22, 23) or measuring the uptake of radiolabeled glucose (24) .
Given the fine-scale sensitivity of this coarsening, we sought to detect the glucose consumption rate of individual yeast cells. To do this, we encapsulated cdc28 thermosensitive mutants and tracked them at restrictive temperature (25) . As expected, droplets containing a single-cell blocked in G1 displayed a linear regime of shrinkage (Fig. 3B) . The consumption rate of these cells can be deduced from the slope as above, and was found again to be 0.2 pg ðglucoseÞ·cell −1 · min −1 . As a complementary way to monitor single cells, we encapsulated leu2 mutants into droplets lacking leucine. This experiment led also to a linear shrinkage (Fig. 3C) , and the maintenance energy of these cells was estimated to be on the order of q m ¼ 0.1 pg ðglucoseÞ·cell −1 · min −1 . Note that, after a prolonged time, consumption eventually stopped, probably because of cell death.
Many yeast strains used for industrial fermentations are polyploids (26) , and increasing the ploidy has long been known to be associated with faster metabolic rates (27) . However, this link was never observed at a single-cell resolution. Given our ability to monitor high numbers of individual cells in parallel, we sought to visualize the statistical distributions of consumption rates within populations of different ploidies. Fig. 4 shows the simultaneous acquisition of glucose uptake from over 100 individual cells for each of 2n, 3n, and 4n ploidies. Distributions of consumption rates were significantly different between the three populations, confirming a higher per-cell metabolic efficiency at high ploidy. The size of living cells is also known to increase with ploidy (28) . To examine how cell size correlated with fermentation efficiency in these populations, we extracted cell-size estimates (Fig. S6) , confirming the large size of polyploid cells and revealing a strong overall correlation between size and metabolic rate (Fig. 4C) . Importantly, this correlation remained significant within each of the three populations, showing that size and glucose uptake are coupled.
Discussion
In this work, we have demonstrated the exquisite sensitivity of the coarsening response induced by the glucose consumption of yeast cells. Even a single cell is shown to induce a measurable shrinking rate of its own droplet reservoir, providing a direct measurement of its individual maintenance energy. By positioning nursing droplets within a large immobilized and connected 2D network, we were able to monitor the consumption of more than 100 individual cells in parallel for many hours, providing reliable statistics. The case of yeast fermenting is particularly well suited to quantitatively determine cellular bioenergetics. Due to the very large solubility mismatch between excreted products and initial nutrients, yeast metabolism in droplets instantaneously translates into an osmotic pressure mismatch. Indeed, CO 2 is mostly dissolved in the continuous phase and ethanol is transferred to the empty droplets. The shrinking rate is, in that case, directly and quantitatively reflecting the glucose consumption. However, nutrient uptake may, in other cases, produce a lower osmotic change because of a larger solubility of some products in the continuous phase. Therefore the overall osmotic response might become smaller. Though absolute bioenergetics parameters may not be directly accessible, at least relative distributions can still be determined. Also, exploring phenotypic diversity within a variety of microorganisms and conditions must remain possible. Indeed, the method seems valid for a wide range of microorganism metabolisms. We also observed similar shrinkage when growing Escherichia coli cells in M9 medium (Fig. 5A and Movie S4). The shape is quite different from yeast experiments. We suggest the following mechanism: At the beginning of glucose fermentation, organic acidic products accumulate in the drop because they are dissociated. It leads to a volume increase and a pH decrease. When pH is low enough, acids are protonated so that they can diffuse out of the nursing droplets toward the empty ones, which may explain the observed shrink. The same strategy can in principle be applied to monitor various enzymatic activities as long as osmotic pressure is modified. For example, we could track the progressive enzymatic digestion of albumin by a protease simply by measuring the progressive swelling of droplets that resulted from the release of peptides in the solution (Fig. 5B and Movie S5).
This approach may also in principle be applied to genomics as for detecting particular mutations on genomic DNA: When both primers and genes randomly coexist within the same drop, by applying many polymerase chain reaction cycles, nucleic acid polymerization should also induce droplet shrinking due to osmotic change. Finally, droplet volume by itself offers simple routes for sorting of positive drops, either using a microfluidic or a macroscopic approach. A variety of microfluidic approaches have been described to separate droplets of different sizes (30, 31) . One such technique has previously been used to separate droplets which have shrunk because they contain yeast cells (11) . At a larger scale, a three-dimensional self-separation may also be possible. Indeed, if the droplets contain dense molecules/particles that do not contribute to the osmotic effect, a volume change should be associated with a density change. Then, self-separation by sedimentation or creaming could be possible by adjusting a posteriori the continuous phase density.
Overall, this work raises the evidence that encapsulating bioactive systems within droplets of the right size and properties leads to a very sensitive readout without using any added probes, opening new routes for screening and sorting among large libraries of microorganisms and biomolecules.
Materials and Methods
Strains and Cultivation Conditions. Saccharomyces cerevisiae strains used are described in Table S2 . The cells were grown in synthetic defined (SD) medium as described by Sherman (29), supplemented with 20-200 g∕L of glucose.
For single-cell experiments based on leucine auxotrophy, cells were grown in nonrestrictive medium (SD-all) until they reached exponential phase. They were then washed in restrictive medium (SD-L) three times and incubated 2 h at 30°C in SD-L. They were then encapsulated inside droplets and stored at 30°C.
For single-cell experiments based on the thermosensitive mutant cdc28, cells were grown in SD-all at permissive temperature (30°C) until they reached exponential phase. They were then capsulated and maintained at restrictive temperature (38°C).
Formulation. The continuous phase is a mixture of 52% (wt∕wt) of mineral oil (Sigma) and 48% (wt∕wt) of highly purified perfluorohexyloctane (F6H8; Fluoron GmbH). To stabilize the emulsion, we added 0.5% (wt∕wt) Span80 (Sigma-Aldrich) and 0.25% (wt∕wt) of ArlacelP125 (Croda). For BSA experiments only, we used the same formulation as prepared in Brouzes et al. (8) . BSA and Tris/HCl were bought from Sigma-Aldrich and protease K from Fermentas.
Device Manufacturing and Operation. To generate the emulsion, we used a microfluidic polydimethylsiloxane device with a flow-focusing geometry and an extraction region as prepared in Brouzes et al. (8) and illustrated in Fig. S3 . Typical flow rates for the aqueous phase were 80-100 μL∕h and for the continuous phase 400 μL∕h. The average drop size was between 40 and 60 μm in diameter. The droplets were stored in a custom-made glass chamber of 25-μm depth. Fluorescent 3-μm beads were used to label droplets containing 20 g∕L glucose for calibration of transport coefficient experiments. All devices were kept in thermoregulated chambers (Life Imaging Services).
Time-Lapse Microscopy. We observed the droplet network at 30°C using a Nikon T300 inverted microscope with a Thorlabs MAX202 XY stage. Images were acquired every 10 min with a Hamamatsu Orca-ER camera. We used custom-made Labview software to automate image acquisition and microscope control.
Image and Data Analysis. Analysis (Fig. S7) and modeling (Fig. S8) were performed with custom-made Matlab software. 
